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Abstract: Over the years, banks have faced many difficulties, related mainly to lax credit standards
for borrowers and counterparties. The goal of credit risk management is to maintain the volume of
credit risk at acceptable level as it is a vital feature in risk management. Credit analysts take into
consideration factors of a wider spectrum, e.g., the prospects of the line of business, the experience of
board members, credibility of suppliers, etc. Those factors are often considered on the linguistic scale,
which includes such imprecise and inaccurate phrases, for instance, such as: more/less experienced,
better/worse prospects, etc., which, for the experts and decision makers, are justified and result
from their personal experience, preferences and human nature. The paper presents the approach
of supporting methods in the credit risk decision-making process. It presents evaluation scales of
imprecise phrases commonly used during the process of credit risk assessment based on experts’
preferences. Due to the imprecision, the oriented fuzzy numbers are a useful tool. For such described
evaluation scales, we use a scoring function determined with the use of an adapted Simple Additive
Weighting (SAW) method.

Keywords: credit risk assessment; SAW method; oriented fuzzy numbers

1. Introduction

The correct classification of debtors is an important topic. Therefore, we can encounter
new approaches and methods. Those methods, which are to aid the decision makers,
are continuously improved to succeed in a better classification of potential banks’ clients.
International institutions, such as, for instance, Basel Committee on Banking Supervision,
recognize the significance of risk management and express their opinion, as well as some
guidelines, in published documents. One of those documents is Basel III, which refers
specifically to risk management and supervision. In a subsequent forth document, the
focus is on a standardized and internal rating-based (IRB) credit risk approach.

The process of a potential debtor assessment is multilayered and therefore must
be considered in several steps. The first step would be a scrutinized analysis of financial
statements which generally is standardized, followed by classification into a rating class and
a recommendation of the risk analyst. Of course, the main foundation is the transparency
throughout the whole process to enable further comparisons.

From that stage on, standard numerical methods lose their main significance, leaving
the final decision to experts—banks’ employees (higher level managers, in some cases also
called the “Board”).

Experts take the ultimate decision basing on their professional experience. However, in
this process, apart from experience, they also involve their ability to project future outcomes
of the decision made. It is vital as the financial statements only show the performance in the
past. Further, all macroeconomic factors, such as the standing of the debtor’s industry, play
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a vital role in determining the future prospects of bank’s client and via experts’ knowledge
can be included in the assessment and directly influence the final decision.

The main objective of the paper focuses on that third part of the process, which
refers to experts’ own experience and preferences which rarely are expressed in a precise
manner. The imprecision and inaccurateness result from a human nature and imprecision
of linguistic scales including such terms as: more/less experienced, better/worse prospects,
more/less interesting branch of industry, higher/lower expectations of growth, etc.

Therefore, it is important to investigate and recognize the importance of experts’ spe-
cialized knowledge, experience and preferences in the implementation of fuzzy techniques
to aid the assessment of loan and credit applicants (borrowers). Fuzzy logic is regarded
as one of the most efficient methods to assist control systems. It is due to the fact that it
resembles the decision-making process of a human which, in turn, enables reaching the
conclusion (decision) basing on imprecise or, what is even more important, approximate
information. It also fills the gap between purely mathematical and logic-based approaches
in management.

The concept of a fuzzy number (FN) is a commonly accepted model of an imprecise
number. The notion of an ordered FN is intuitively introduced by Kosiński and his co-
writers [1] as such model of an imprecise number and its arithmetic that a subtraction is
the inverse operator to addition. For formal reasons, the Kosiński’s theory was revised
in [2]. In this way, we get oriented FNs (OFNs). We see that OFNs application is a quite
new fuzzy technique. Therefore, the main aim of our paper is the application of OFNs for a
real problem of potential debtors’ classification. We here test the suitability of OFNs for
determining the numerical order scale used for scoring function implemented for credit
risk management.

Our paper is organized in the following way. Section 2 presents the general concepts
of fuzzy systems. In this context, we briefly discuss a literature devoted to the problem of
application fuzzy techniques for credit risk management. Section 3 briefly describes the
idea of OFN in some simplified case. Arithmetic operators for this case are introduced. In
Section 4, the linguistic order scale is presented. The concept of numerical order scale is
introduced here. The Simple Additive Weighting (SAW) Method implemented for credit
risk management is described in Section 5. In Section 6, the authors present results of a
case study devoted to the real problem of potential debtors’ classification. Finally, Section 7
concludes the article, summarizes the main findings of this research and proposes some
future directions of investigation.

2. Foundations of Fuzzy Systems

Among the methods that have been supporting the process of credit risk assessment
so far, we can list such methods as: scoring methods, discriminant analysis, rating methods,
decision tree, standard models, reduced models, IRB approach, neural networks, etc.

However, due to the common imprecision of linguistic expressions used by the ex-
perts (decision makers), the fuzzy sets techniques can be used to help to systemize and
classify potential debtors. Therefore, a method that can combine imprecise or inaccurate
information and the experience of experts is an efficient solution to execute risk analysis
in various domains for complicated systems. In such cases, a combination of fuzzy sets
theory and a linguistic approach proves to be very helpful.

Zadeh, who is recognized as a founder of the fuzzy set theory, described fuzzy sets
as a class of objects whose memberships were not precisely defined [3], and due to that
characteristic, they are considered to provide a better representation of reality than strictly
quantitative methods. Further, in [4], the embedded imprecision of natural languages was
thought to be more possibilistic than probabilistic. According to this hypothesis it was
suggested that a problem expressed in natural language can be presented as a technique
that calculates the probability distribution of a set of various characteristics which are
implied by utilizing the idea of possibility distribution. Furthermore, in [4], a theory
of possibility was described. It connects the theory of possibility and fuzzy sets via the



Mathematics 2021, 9, 535 3 of 13

definition of a possibility distribution presented as a fuzzy constraint which operates as a
flexible restriction on indicated values linked to an individual variable.

Many researchers followed Zadeh’s line of thinking; however, the results of their work
did not always support each and every aspect of Zadeh’s approach. For instance, in [5],
some methods of making fuzzy decisions were reviewed. The main idea was to define a
space in which fuzzy sets were embedded and, furthermore, to juxtapose the variations
(different sets) against one another and describe the whole procedure in a different manner.
It was believed to overcome the shortcomings of other methods.

In [6,7], we can find a review of various approaches of operations used in fuzzy sets
theory, as well as formal approaches based on different intuitions. In [8], basic notions
underlying fuzzy sets, especially concerning such measures as gradualness, uncertainty,
vagueness and bipolarity, were discussed to determine the importance of fuzzy sets practi-
cal utility. In turn, new similarity measures that were supposed to define the measures of
similarity of fuzzy sets and elements were further discussed in [9].

When it comes to the above mentioned combination of fuzzy sets and linguistic
operators, in [10], the concept of construction project analysis using fuzzy methodology
was presented. Moreover, the methodology of risk evaluation with the use of linguistic
approach was discussed. It provided the analyst with the ability to indicate the levels
of risk of each individual element of the project and pass it to recipients in a form of
widely-understood phrases. Further, in [11], the linguistic approach is applied in a form of
operators coming from decision and fuzzy-sets theory. A fuzzy logic model was also used
for credit risk rating in [12]. A fuzzy classification method for credit risk in banking system
was implemented in [13]. This implementation was based on fuzzy rules used to assess
similarity of objects. Moreover, a membership degree was utilized for characteristics in
relation to each given option. The aim of the research described in [14] was to overcome
the limitations of methods which, with the aid of econometrics and fuzzy logic approach,
computed the creditworthiness and probability of default of a potential borrower. Other
possibilities for fuzzy methods application in credit risk assessment were presented in [15].
An experiment of creating and implementing a developed Expert Fuzzy System to assess
credit risk according to specified effective financial ratios as the system inputs was proposed
in [16]. Another fuzzy logic prediction system for credit risk assessment was shown in [17].
In this research, the author, basing on the obtained results, concludes that the fact that
fuzzy set theory allows for including unavoidable imprecision in the data records, results
in a promising solution to credit risk analysis and other prediction problems.

In [18], it was presented how fuzzy logic with linguistic quantifiers can be used in
group decision making. This technique bases on the approach that fuzzy linguistic quanti-
fiers can identify a fuzzy majority which might be the nearest approximation of a human
assessment of the very fundamental nature of majority. Authors come to the conclusion
that fuzzy logic offers instruments of a formal procedure for fuzzy majority—which, with
the use of classical approach, was impossible. It was also mentioned in [19] that the main
objective of linguistic models based on the general theory of fuzzy sets is to examine linguis-
tic data statistically, to classify the data based on patterns found and to extract knowledge
that is operational from the point of view of some other objectives. The conclusions were
that classic taxonomic algorithms might be successful in classifying debtors; however, their
results can be enhanced with the use of linguistic data transformation. In [20], an example
of a hybrid fuzzy approach is presented in a form of a fuzzy classifier for contractor default
prediction (FICDP), which focuses on decreasing the risk of insolvency resulting from the
wrong classification of contractors.

3. Oriented Fuzzy Numbers

In a predefined space X, we can place any object of considerations simply as its element.
An elementary instrument when considering an imprecise categorization of those objects
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is the concept of fuzzy sets presented in [3]. A its membership function µA ∈ [0, 1]X can
unambiguously determine any fuzzy set A in the following manner:

A = {(x, µA(x)); x ∈ X} (1)

From the perspective of multi-valued logic [21], we can interpret a value µA(x) as a
truth value of “x ∈ A”. In turn, a family of all fuzzy sets in the space X can be determined
by F (X). The main idea in [22] is to present the imprecise approximation of a real number
as a fuzzy number (FN).

In [23], we can find the intuitive introduction of ordered FNs. They were presented
as a FNs extension. The reason behind the effectiveness of ordered FNs comes from
the interpretation of FNs that includes additional knowledge about the position of the
estimated number. Presently, ordered FNs introduced by Kosiński are usually called
Kosiński’s numbers [24–27]. A wide analysis and debate on the existing state-of-art on
Kosiński’s numbers can be found in [28]. However, a major disadvantage of Kosiński’s
theory appears to be the existence of such Kosiński’s numbers that are not FNs1. The
revision of Kosiński’s theory can be found in [2]. If ordered FN is defined using the
reviewed characterization, then it is known as an Oriented FN (OFN). Any imprecise
number, provided with the additional information about the position of the number being
approximated, is described by OFN. It must be stressed that the OFN definition of the latter
fully relates to the intuitive definition of Kosiński’s numbers.

Further elaboration will be restricted to Trapezoidal OFNs (TrOFN) defined as fuzzy
subsets in the space R of all real numbers according to Definition 1.

Definition 1 ([2]). For any monotonic sequence (a, b, c, d) ⊂ R, TrOFN
↔
Tr(a, b, c, d) =

↔
T is the

pair of the orientation
→

a, d = (a, d) and a fuzzy subset T ∈ F (R) determined explicitly by its
membership functions µT ∈ [0, 1]R as follows

µT(x) = µTr(x|a, b, c, d) =


0, x ∈ [min{a, d}, max{a, d}],
x−a
b−a , x ∈ [min{a, b}, max{a, b}],
1, x ∈ [min{b, c}, max{b, c}],

x−d
c−d , x ∈ [min{c, d}, max{c, d}],

(2)

The adjective “trapezoidal” reflects the fact that the chart of any TrOFN membership
function is of a trapezoidal shape. The symbol KTr refers to a space of all TrOFNs. It is the

orientation of OFN that provides that information. If a < d then TrOFN
↔
Tr(a, b, c, d) is of a

positive orientation
→

a, d. For any z ∈ [b, c], TrOFN
↔
Tr(a, b, c, d) which is positively oriented

is a formal model of linguistic variable “about or slightly above z”. If a > d, then TrOFN
↔
Tr(a, b, c, d) is of a negative orientation

→
a, d. For any z ∈ [c, b], TrOFN

↔
Tr(a, b, c, d) which

is negatively oriented is a formal model of linguistic variable “about or slightly below z”.
Comprehension of the above mentioned sentences “about or slightly above z” and “about
or slightly below z” is determined by the employed semantics of the natural language. If

a = d, then TrOFN
↔
Tr(a, a, a, a) = JaK defines unoriented real number a ∈ R.

By restricting ourselves to TrOFN, we will be able to simplify the applied arithmetic
operations. It is a practice used by many researchers. The arithmetic operators of dot
product � for TrOFNs were presented by Kosiński as follows:

�
↔
Tr(a, b, c, d) =

↔
Tr(β·a, β·b, β·c, β·d) (3)

In [2], the sum � for TrOFNs is introduced as follows

↔
Tr(a, b, c, d)�

↔
Tr(p− a, q− b, r− c, s− d) =

{ ↔
Tr(min{p, q}, q, r, max{r, s}) (q < r) ∨ (q = r ∧ p ≤ s)
↔
Tr(max{p, q}, q, r, min{r, s}) (q > r) ∨ (q = r ∧ p > s)

(4)
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Let us take into account a pair
(↔
K,
↔
L
)
∈ K2

Tr characterized by a pair (µK, µL) ∈

([0, 1]R)
2

of their membership functions. On the space KTr, a relation
↔
K.G̃E.

↔
L, can be

introduced which translates into:

“TrOFN
↔
K is greater than or equal to TrOFN

↔
L.” (5)

The above relation is a fuzzy pre-order G̃E ∈ F
(
K2

Tr
)
. It is explained by its member-

ship function νGE ∈ [0, 1]K
2
Tr [27,28]. From the perspective of multi-valued logic, we can

interpret a value νGE

(↔
K,
↔
L
)

as a truth value of (6). In [27], it is shown that for any pair

(Tr(a, b, c, d), Tr(e, f , g, h)) ∈ K2
Tr we have

νGE

(↔
Tr(a, b, c, d),

↔
Tr(e, f , g, h)

)
=


0, 0 < α− γ,

α−γ
α+δ−β−γ , α− γ ≤ 0 < β− δ,

1, β− δ ≤ 0
(6)

where,
α = max{a, d} (7)

β = max{b, c} (8)

γ = min{e, h} (9)

δ = min{ f , g} (10)

Therefore, for any pair (Tr(a, b, c, d), JeK) ∈ KTr ×R ⊂ K2
Tr we get

νGE

(↔
Tr(a, b, c, d), JeK

)
=


0, max{a, d} < e,

max{a,d}−e
max{a,d}−max {b,c} , max{a, d} ≥ e > max {b, c} ,

1, 0 ≤ c− f .

(11)

4. Linguistic Method—Basic Facts

We can assume that any characteristics of a potential debtor can be presented in a
quantitative manner that will provide us with an estimation regarded as an imprecise infor-
mation. Consequently, in such situation it is advised to implement a linguistic approach as
an alternative to a quantitative solution. This introduces a more adaptable approach that
sufficiently enables a direct and precise representation of imprecise information and [29].
Hence, a problem of transforming qualitative data into numerical characteristics is averted.

At an initial level of implementing the linguistic technique it is vital to define the
imprecision granularity—for instance the number of terms used for expression of the
information—which determines the ability to distinguish various expressions among one
another. If the imprecision granularity rises, the knowledge values also increase. Usually,
it is customarily accepted that the cardinality should be an odd number, in the range of 3
to 13. It is important to stress that the concept of granular computing is presented in [30],
where it is compared to human ability to come up with a solution and decision basing it
on imprecise information and only partial truth, certainty and knowledge. Furthermore,
in [31] it is highlighted that the concept of granularity comes from practical requirements
leading to simple, clear and low cost estimates.

In general we can quote after [29] that any linguistic value can be described with the
aid of individual labels burdened with a specific semantic value. The label can be defined
as an individual part of a whole linguistic set. Eventually, an apparatus to establishing
linguistic characteristics can be arranged.
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In the presented model of debtors’ classification, the linguistic labels refer to Tentative
Order Scale (TOS). TOS can be given as a follows

TOS = {Bad, Average, Good} = {C, B, A} = {V1, V2, V3} (12)

Each element of TOS is called a reference point and it can be expanded by additional
orientation expressions:

• “much below” indicated as “− −“,
• “below” indicated as “−“,
• “around” indicated as “~”,
• “above” indicated as “+”,
• “much above” indicated as “+ +”.

For the first time, to determine the linguistic labels of an order scale, the rating
terminology used by credit risk analysts was utilized. The outcome of each label is a
combination of a reference point and orientation phrase. Such representation is called an
Extended Order Scale (EOS) [32]. Also for the first time, EOS with two-stage orientation
phrases was used. In [27,32], only one-stage orientation phrases were utilized.

In information studies, any word derived from natural language is believed to be
a linguistic variable determined as a fuzzy subset in space X. Then, those variables are
converted with the use of fuzzy set theory [33–35]. The review on linguistic variable
conversion and popular methodologies, in the field of decision making, can be found
in [29,36,37].

We can determine a reference point represented by the number j ∈ N as Vj. On
the other hand, we must still remember that the semantic meaning of any orientation
expression is not precise. Therefore, we can consider any order label to be an imprecise
approximation of the reference point. For this reason, any order label resulting from
utilized EOS must be denoted in the real line R by some kind of FNs [38]. To facilitate
further implementation, the restriction to represent the characteristics by TrFNs can always
be added. Additionally, an observation has been made that the orientation of fuzzy
numbers referring to an approximated reference point are determined by the orientation
characteristics; hence, TrOFNs can also represent any order label. This method is more
realistic and accurate than representing order labels by trapezoidal fuzzy numbers. Then
again, the exclusion of information on orientation of order labels can cause an unreliable
appraisal of potential debtor [39]. Thus, in the paper TrOFNs will represent all order labels.
We call the family of all TrOFNs, which represent the above mentioned EOS, Numerical
Order Scale (NOS). The essence of processing any EOS lies in attributing it with an adequate
NOS. Here, for the first time, such a specific NOS was implemented, which was adjusted
to both TOS and EOS with a two-stage orientation phrase.

All applied order scales (TOS, EOS, NOS), proposed for credit risk assessment—
debtors’ classification, are presented in Table 1.

Table 1. Order scales.

TOS EOS Semantic Meaning NOS

C−− much below Bad
↔
Tr
(

1, 1, 3
4 , 1

4

)
C− below Bad

↔
Tr
(

5
4 , 1, 3

4 , 2
4

)
C ∼ around Bad

↔
Tr
(

2
4 , 1, 1, 6

4

)
C Bad

↔
Tr(1, 1, 1, 1)

C+ above Bad
↔
Tr
(

3
4 , 1, 5

4 , 6
4

)
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Table 1. Cont.

TOS EOS Semantic Meaning NOS

C ++ much above Bad
↔
Tr
(

1, 1, 5
4 , 7

4

)
B−− much below Average

↔
Tr
(

2, 2, 7
4 , 5

4

)
B− below Average

↔
Tr
(

9
4 , 2, 7

4 , 6
4

)
B ∼ around Average

↔
Tr
(

6
4 , 2, 2, 10

4

)
B Average

↔
Tr(2, 2, 2, 2)

B+ above Average
↔
Tr
(

7
4 , 2, 9

4 , 10
4

)
B ++ much above Average

↔
Tr
(

2, 2, 9
4 , 11

4

)
A−− much below Good

↔
Tr
(

3, 3, 11
4 , 9

4

)
A− below Good

↔
Tr
(

13
4 , 3, 11

4 , 10
4

)
A ∼ around Good

↔
Tr
(

10
4 , 3, 3, 14

4

)
A Good

↔
Tr(3, 3, 3, 3)

A+ above Good
↔
Tr
(

11
4 , 3, 13

4 , 14
4

)
A ++ much above Good

↔
Tr
(

3, 3, 13
4 , 15

4

)
Orientation of TrOFN included in NOS is closely correlated with the orientation phrase extending TOS to EOS.

5. Simple Additive Weighting Method

The evaluation template of borrowers distinguishes all characteristics that are assessed.
A potential debtor can be assessed with the use of a chosen scoring function that includes
preferences of experts regarding all attributes and their significance. A procedure of defin-
ing the assessment template is a vital part of credit risk evaluation. It also concerns creating
the scoring function, which is utilized in the time prior to an evaluation or negotiation.
The debtors are frequently described by several opposing characteristics and hence the
multi-criteria methods are suitable for creating the scoring function. One of the most
widely used methods in multi-criteria assessment is the Simple Additive Weighting (SAW)
method [38,40].

SAW method belongs to a group of scoring techniques which base on the idea of
a weighted average of individual criterion ratings. When it comes to classification of
borrowers, the ratings are described by TrOFNs. Due to that fact SAW needs to be combined
with TrOFNs, the combined SAW method must be equipped with a scoring function defined
on the space Kn

Tr = K×K× . . .×K.
The SAW method was first introduced in [38]. Due to its properties, the descriptive

name for SAW method is sometimes Simple Multi Attribute Rating Technique [41].
In [42], we can find an introduction of a fuzzy SAW method that uses ratings described

by fuzzy numbers. Furthermore, the Oriented Fuzzy SAW (OF-SAW) that applies criterion
ratings determined by trapezoidal Kosiński’s numbers was initially introduced in [43].
However, in [32], that method was adapted so that it is consistent with the revised approach
of OFNs [2]; therefore, the ratings are determined by Trapezoidal OFNs. Below, we adapt
the OF-SAW method to the requirements of the assessment of an individual potential
debtor.

Our intention is to assess the potential debtor described by characteristics A ∈ A
where A is an expected set of borrowers. In such approach, OF-SAW method can be
illustrated as follows:

1. Determine a multi-criteria assessment case by criteria set D = {C1, C2, . . . , Cn}.
2. Define a vector of weights

w = (w1, w2, . . . , wn) ∈
(
R+

0
)n (13)
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where,
w1 + w2 + . . . + wn = 1 (14)

and wj is the weight of the criterion Cj describing the significance of particular criterion
in a studied assessment problem.

3. Determine the scope Yj for an individual characteristic Cj (j = 1, 2, . . . , n).

4. Establish an assessment template.

Y = Y1 ×Y2 × . . . .×Yn ⊃ A (15)

5. Determine NOS O ⊂ Ktr.

6. Determine the assessment function X : Y×D→ O ⊂ Ktr so that the valueX
(
A, Cj

)
∈

O equals the assessment of characteristics record A from the perspective of a criterion
Cj (j = 1, 2, . . . , n).

7. Establish a scoring function
↔

SAW : Y→ KTr given for any A ∈ Y by the identity

↔
SAW(A) = (w1 �X (A, C1))� (w2 �X (A, C2))� . . . � (wn �X (A, Cn)) (16)

For a defined assessment template Y, the standard scoring method of debtors’ evalua-
tion may be determined as a couple ( f , L) [44,45]:

• f : Y→ R is a defined scoring function,
• L ∈ R is a pre-established degree of acceptance of a loan application.

Let us study a loan application of a potential debtor described by characteristics record
A ∈ A. The application will be acceptable if the condition below is satisfied

f (A) ≥ L (17)

To evaluate the solvency of the potential debtor we propose to use a scoring function
↔

SAW : Y→ KTr . Thus, we recommend transforming the inequality (17) as follows

↔
SAW(A).G̃E.JLK (18)

If (18) is satisfied, it is equal to a following statement:

Credit application based on attributes record A is acceptable (19)

Subsequently, the value νGE

( ↔
SAW(A), JLK

)
is truth-value of the sentence (19). There-

fore, νGE

( ↔
SAW(A), JLK

)
can be interpreted as a degree to which the analyzed loan appli-

cation can be accepted. Hence, we get

accept(A, L) = νGE

( ↔
SAW(A), JLK

)
(20)

which we call the degree of acceptance. The obtained result may be a significant foundation
for the experts when making the ultimate decision regarding the financing.

6. Results

In this paper, we apply 12 positive, soft (qualitative) indicators describing a suitable
potential borrowers amid the examined. It is in contrast to previous research [46,47] in
which 16 criteria were implemented. This change is due to the ongoing process of surveying
experts’ preferences. The data was collected from experts in the banking field, who are
active members of Credit Risk Committees. In an early phase of the study, the most
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significant moment is the determination of qualitative criteria, further used to evaluate
the borrower. This is achieved by the utilization of experts’ knowledge and preferences.
In the study, after the initial struggle, the experts finally determined 12 soft (qualitative)
characteristics that can affect the decision. The selected characteristics are shown in Table 2.
As there are 12 chosen criteria, the applied individual weighs are 1

12 . Moreover, “a middle
point between reference points ‘Average’ and ‘Good’” represents an acceptance level and
is denoted as follows

L =
1
2
·(2 + 3) =

5
2

(21)

Table 2. Experts’ evaluation of attributes of a construction company.

No. Criteria Expert 1 Expert 2 Expert 3 Expert 4

EOS NOS EOS NOS EOS NOS EOS NOS

1 prospects of
business C+

↔
Tr
( 3

4 , 1, 5
4 , 6

4

) B+
↔
Tr
(

7
4 , 2, 9

4 , 10
4

)
B+

↔
Tr
(

7
4 , 2, 9

4 , 10
4

)
A~

↔
Tr
(

10
4 , 3, 3, 14

4

)
2 Board members—

experience A++
↔
Tr
(

3, 3, 13
4 , 15

4

)
C++

↔
Tr
(
1, 1, 5

4 , 7
4

) C+
↔
Tr
( 3

4 , 1, 5
4 , 6

4

) A++
↔
Tr
(

3, 3, 13
4 , 15

4

)
3 chairperson—

experience A++
↔
Tr
(

3, 3, 13
4 , 15

4

)
B++

↔
Tr
(

2, 2, 9
4 , 11

4

)
A+

↔
Tr
(

11
4 , 3, 13

4 , 14
4

)
C++

↔
Tr
(
1, 1, 5

4 , 7
4

)
4 operations

range—regional C+
↔
Tr
( 3

4 , 1, 5
4 , 6

4

) A-
↔
Tr
(

13
4 , 3, 11

4 , 10
4

)
B

↔
Tr(2, 2, 2, 2) B-

↔
Tr
( 9

4 , 2, 7
4 , 6

4

)
5

operations
range—

international
A−− ↔

Tr
(

3, 3, 11
4 , 9

4

)
C++

↔
Tr
(
1, 1, 5

4 , 7
4

) B
↔
Tr(2, 2, 2, 2) C++

↔
Tr
(
1, 1, 5

4 , 7
4

)
6 risk associated

with market B++
↔
Tr
(

2, 2, 9
4 , 11

4

)
B

↔
Tr(2, 2, 2, 2) C

↔
Tr(1, 1, 1, 1) A

↔
Tr(3, 3, 3, 3)

7 risk associated
with trade B+

↔
Tr
(

7
4 , 2, 9

4 , 10
4

)
B

↔
Tr(2, 2, 2, 2) C~

↔
Tr
( 2

4 , 1, 1, 6
4

) A
↔
Tr(3, 3, 3, 3)

8 risk associated
with suppliers A− ↔

Tr
(

13
4 , 3, 11

4 , 10
4

)
A+

↔
Tr
(

11
4 , 3, 13

4 , 14
4

)
C++

↔
Tr
(
1, 1, 5

4 , 7
4

) A
↔
Tr(3, 3, 3, 3)

9 risk associated
with customers A− ↔

Tr
(

13
4 , 3, 11

4 , 10
4

)
B

↔
Tr(2, 2, 2, 2) A++

↔
Tr
(

3, 3, 13
4 , 15

4

)
A

↔
Tr(3, 3, 3, 3)

10 diversification—
products B

↔
Tr(2, 2, 2, 2) C++

↔
Tr
(
1, 1, 5

4 , 7
4

) B++
↔
Tr
(

2, 2, 9
4 , 11

4

)
A++

↔
Tr
(

3, 3, 13
4 , 15

4

)
11

diversification—
sales

markets
C~

↔
Tr
( 2

4 , 1, 1, 6
4

) B-
↔
Tr
( 9

4 , 2, 7
4 , 6

4

) C+
↔
Tr
( 3

4 , 1, 5
4 , 6

4

) B− ↔
Tr
( 9

4 , 2, 7
4 , 6

4

)
12

diversification—
supply
market

B
↔
Tr(2, 2, 2, 2) B++

↔
Tr
(

2, 2, 9
4 , 11

4

)
A−− ↔

Tr
(

3, 3, 11
4 , 9

4

)
C++

↔
Tr
(
1, 1, 5

4 , 7
4

)

Each expert expresses an opinion related to a particular characteristic with regard to
an analyzed enterprises (construction sector). It is achieved by assigning a given criterion a
specific grade of EOS, which is then transformed into NOS.

The above table presents results for one company. In total there were five companies
analyzed: three from the construction sector, one from the pharmaceutical sector and
one from the wholesale business. The choice is not random as those five companies
were considered during one session of Credit Committee so we can soundly assume that
economic environment was identical for all of them. It is an important factor because
even a single factor within a day or week horizon can change or bias experts’ attitude to a
company in question.

The acquired results indicate that the members of the credit committee often hold
opposing or different views on the significance of the soft features when appraising the
same company. It is obvious that an individual professional comprehends the criteria in
their own way. As a result, we should establish the ultimate appraisal with the aid of mean
SAW value indicating a shared opinion of the specialists.

Next, the level of a scoring function SAW (16) for each member of the credit risk
committee is calculated. In case of each assessed company, regarding the levels of scoring
functions assigned by all specialists, the average level determined by the term Mean
SAW is determined. Levels of Mean SAW stand for the opinion articulated by a team of
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experts—not an individual specialist. Table 3 presents levels of individual SAW and Mean
SAW.

Table 3. Simple Additive Weighting (SAW) and Mean SAW levels.

Enterprise
SAW

Mean SAW
Expert 1 Expert 2 Expert 3 Expert 4

1
↔
Tr
(

70
32 , 72

32 , 75
32 , 83

32

) ↔
Tr
(

132
64 , 136

64 , 136
64 , 144

64

) ↔
Tr
(

72
32 , 72

32 , 75
32 , 83

32

) ↔
Tr
(

130
64 , 132

64 , 136
64 , 140

64

) ↔
Tr
(

127
128 , 138

128 , 145
128 , 156

64

)
2

↔
Tr
(

124
64 , 132

64 , 144
64 , 156

64

) ↔
Tr
(

150
64 , 150

64 , 156
64 , 160

64

) ↔
Tr
(

126
64 , 136

64 , 140
64 , 148

64

) ↔
Tr
(

140
64 , 142

64 , 142
64 , 154

64

) ↔
Tr
(

246
128 , 266

128 , 302
128 , 332

128

)
3

↔
Tr
(

132
64 , 132

64 , 136
64 , 146

64

) ↔
Tr
(

70
32 , 70

32 , 76
32 , 84

32

) ↔
Tr
(

126
64 , 136

64 , 148
64 , 154

64

) ↔
Tr
(

154
64 , 154

64 , 158
64 , 162

64

) ↔
Tr
(

137
128 , 138

128 , 143
128 , 156

64

)
4

↔
Tr
(

150
64 , 152

64 , 159
64 , 175

64

) ↔
Tr
(

124
64 , 136

64 , 142
64 , 154

64

) ↔
Tr
(

68
32 , 72

32 , 74
32 , 80

32

) ↔
Tr
(

132
64 , 132

64 , 136
64 , 146

64

) ↔
Tr
(

267
128 , 288

128 , 303
128 , 331

128

)
5

↔
Tr
(

128
64 , 136

64 , 144
64 , 156

64

) ↔
Tr
(

144
64 , 152

64 , 154
64 , 166

64

) ↔
Tr
(

132
64 , 136

64 , 142
64 , 156

64

) ↔
Tr
(

150
64 , 158

64 , 160
64 , 164

64

) ↔
Tr
(

123
128 , 135

128 , 143
128 , 151

64

)

The next step involves calculation of the acceptance degree (20). The levels are
presented in Table 4.

Table 4. Acceptance degree.

Enterprise
SAW

Mean SAW
Expert 1 Expert 2 Expert 3 Expert 4

1 0.4250 0.0000 0.3750 0.0000 0.0000
2 0.3850 0.0125 0.0000 0.9375 0.6111
3 0.3750 0.8750 0.5375 0.8333 0.6677
4 0.0000 0.9375 0.6411 0.0515 0.5535
5 0.4330 0.0000 0.5000 0.3450 0.0000

The values presented in Table 4 can be translated as follows:

• loan application of Company no. 1 is

◦ barely accepted by Expert 1
◦ rejected by Expert 2
◦ weakly accepted by Expert 3
◦ rejected by Expert 4
◦ rejected by the team of experts

• loan application of Company no. 2 is

◦ barely accepted by Expert 1
◦ rejected by Expert 2
◦ barely accepted by Expert 3
◦ strongly accepted by Expert 4
◦ accepted by the team of experts

• credit application of Enterprise 3 is

◦ barely accepted by Expert 1
◦ strongly accepted by Expert 2
◦ accepted by Expert 3
◦ strongly accepted by Expert 4
◦ accepted by the team of experts

and so on for remaining companies. Ultimate decisions regarding accepting or reject-
ing loan application belong to the members of a credit risk committee. They can support
their decision basing on and taking into account the above given results.
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7. Discussion

Classification of potential debtors is typically a complicated procedure. It involves
many phases and numerous analyzed characteristics. The difference between a potentially
creditworthy and potentially insolvent borrower and subsequent acceptance or rejection
of non-prospective debtors is a fundamental decision for the creditor. Taking the wrong
decision can have a considerable impact on the quality of creditor’s portfolio and, in the
worst case scenario, lead to bankruptcy. Additionally, a correct classification of possible
options is also a crucial element of the decision management process. The imprecision that
results from the implementation of linguistic approach (experience of experts expressed
in natural language) brings us closer to an intuitive decision-making process. Human
ability to perceive nuances, impossible to quantify and putting into strict frames, makes
quantitative methods useless. Therefore, a strong need to describe the imprecision resulting
from the shortage of an unambiguous quantitative suggestion for just one option amidst a
number of possibilities, along with the absence of specific difference between suggested
and vetoed options, leads us to fuzzy methods.

In the paper, it was demonstrated that there exists an efficient way to utilize TrOFN in
the process of the assessment of the credit standing of the potential borrower (applicant).
This was proven by proposing NOS consisting of TrOFN. This approach originated from
and was justified by the necessity of a faithful reflection of a frequently used verbal
assessment and its semantic meaning.

It should be stressed that the efficiency consists also of the opportunity to illustrate
the deviation of experts’ assessment from TOS, basing on the number’s orientation. The
orientation of TrOFN included in NOS is closely correlated with the orientation phrase
extending TOS to EOS. In case of implementation of fuzzy numbers, such option does not
exist. The efficiency of TrOFN also results from the possibility to assess the acceptance level
comprehensible for the experts.

The obtained results, performed in a presented case study, illustrate the efficiency
of SAW method in case of potential debtors appraisal in case when the order scale is
determined by TrOFNs. Further research should focus on approximation of the acceptance
level or finding another reliable method of establishing it.

Another, independent direction of research ought to be a way to standardize imple-
mented template based on experts preferences. Possible approaches include the use of
electronic negotiation systems as well as implementation of extended behavioral finances.

In view of a progressing computerization and development of IT techniques and
models, a question sometimes arises whether it is reasonable to focus on experts’ knowledge
and its utilization when machines can define and perceive the economic reality almost as
well as humans. The clue of the answer can be found in a linguistic expression used in
a sentence of doubt, namely, “almost,” which is one of those soft expression difficult to
quantify. The authors believe that as long as banks use their experts—members of Credit
Committee—the answer to this question is positive and that this way the managing board
recognizes the efficiency of experts’ knowledge, experience and preferences, and therefore
the research should be continued.
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